Study area
Tropical forests will suffer the effects of changes in climate, such as precipitation and temperature patterns (Chow et al., 2013) , and this has recently given the title to the Atlantic Forest as the third hotspot of high vulnerability to climate change (Bellard et al., 2014) . Our study area is the Brazilian Atlantic Forest (Fig. S1 ). The Atlantic Forest is the second largest forest domain in South America, extending from the Brazilian northeast to the east of Argentina and Paraguay (Câmara, 2003; Huang et al., 2007) . It is a biodiversity hotspot (Myers et al., 2000) and has approximately 1 to 8% of all known fauna and flora species in the world (Silva & Casteleti, 2003) . The large latitudinal, longitudinal (5°S-31°S, 35°W-58°W) and altitudinal (0 to 2 700 m) ranges provide different climatic conditions along its length and a wide variety of phytophysiognomies and associated ecosystems (Pinto & Brito, 2003) . The Atlantic Forest has an original area of approximately 112 million ha and covers 15 Brazilian states, and there are about 28% of Atlantic Forest remaining in the country (Rezende et al. 2018) . For the delimitation of the study area, we used the Brazilian biomes map (IBGE -http://downloads.ibge.gov.br/downloads_geociencias.htm).
Geographic distribution and occurrence records
In this study, we used the distributional ranges of 25 primate species to calculate, for each species, the total distribution area and the area inside the biome (Table S1 ). We then obtained the proportion of the distribution of each species within the biome. We considered all species that have more than 3 million ha and/or more than 50% of the area of their distribution within the Brazilian Atlantic Forest ( Figure S1 ).
The primate occurrence records used to construct habitat suitability models were compiled from published literature indexed in Web of Science and SciELO and published in the specialised journals Neotropical Primates and Checklist, from January 2000 to December 2015. These occurrences records complemented another database described and used by Pinto & Grelle (2009) . We used genus name (Alouatta,
Brachyteles, Callicebus, Callithrix and Leontopithecus) as the keyword in Web of
Science and SciELO searches. Specifically for the genus Sapajus we used the keywords Cebus and Sapajus, considering the recent taxonomic update for Cebus (Alfaro et al., 2012) . In order to stimulate the Open Science philosophy, we made all these data available for the entire scientific and non-scientific community at ATLANTIC SERIES data paper (Culot et al., 2019) .
We performed the taxonomic reclassification when necessary, following IUCN (2016) and Rylands & Mittermeier (2009) . Subsequently, all occurrence records data were examined for spatial location. Records located within the geographical distribution of the species (IUCN, 2016) were considered valid. Occurrence records located outside the geographic distribution of the species (IUCN, 2016) were considered valid only if: a) were reported in more than one publication with at least one direct record (capture or visualization) with the primate as study object; or b) the authors explicitly reported a geographic expansion of the species distribution. 
Table S1
Primate species included in this study. Name of species (Species); total area of species' extent of occurrence according to IUCN shapefile (Total area (ha)); area and proportion of species extent of occurrence that intersects with the Atlantic Forest biome (this biome was defined according to the map of application of the Atlantic Forest Law -Law -or according to the Brazilian biome boundary map -IBGE); criteria for inclusion of the species in the study (inclusion criteria: > 3 thousand -species that has more than 3 million ha of its distribution in the biome, and/or > 50% -species with more than 50% of its distribution in the biome); IUCN status of each species. Law/IBGE CR * These species are endemic to the Atlantic Forest. Due to the spatial congruence of the shapefiles used (IUCN distributions and Atlantic Forest limits), species' area in the biome was different from the species' total area. All shapefiles were in the same spatial projection. LC -Least concern; NT -Near Threatened; VU -Vulnerable; EN -Endangered; CR -Critically Endangered.
Species

Environmental data
A total of 19 bioclimatic temperature and precipitation variables and altitude were obtained from WorldClim -Global Climate Data database (Hijmans et al., 2005) ( Table S2 ). These bioclimatic data for the current time were constructed using the average of the data collected between 1960 and 1990, and for 2050 considered the average estimates of the time interval between 2041 and 2060. The climate and precipitation variables were obtained in the resolution of 2.5 minutes (~ 5km²). The original altitude resolution is 30 seconds (~ 1km²), and it was resized to the same resolution of the bioclimatic variables for modelling purposes.
Bioclimatic data for the future are available considering different Global Climate Model (GCM) associated with the Representative Concentration Pathways (RCPs, which were built on different scenarios of greenhouse gas emissions). Greenhouse gas emissions is expected to be reduced in two optimistic scenarios. RCP 2.6 considers the greenhouse gas emissions peak between 2010 and 2020, and it subsequently declines substantially, and RCP 4.5 predicts the greenhouse gas emissions peak in 2040, and it is expected to decline soon (IPCC, 2014) . Pessimistic scenarios are also expected. RCP 6.0 is a scenario with high greenhouse gas emissions emission with a peak occurring in 2080 and only then should emissions be reduced, while the more catastrophic RCP 8.5 scenario predicts greenhouse gas emissions increase throughout 21 st century (IPCC, 2014) . In this study, we used these four RCPs associated with eight different GCMs:
BCC-CSM1-1, CCSM4, GISS-E2-R, HadGEM2-AO, HadGEM2-ES, IPSL-CM5A-LR, MRI-CGCM3 and NorESM1-M. The modelling background area to build the habitat suitability models was defined based on the coverage of occurrence records of all species used in the study. We randomly selected 10,000 pixels to calculate the variance inflation factor (VIF; Quinn & Keough, 2002) of variables and removed those with VIF higher than three (Zuur et al., 2010) . The following variables were maintained: mean diurnal range (bio2), isothermality (bio3), mean temperature of wettest quarter (bio8), precipitation of wettest month (bio13), precipitation seasonality (bio15) precipitation of warmest quarter (bio18) and precipitation of coldest quarter (bio19). For each species, only one occurrence record in each pixel of the environmental layer was maintained, to minimize overfitting due to sampling bias.
We used the maximum entropy algorithm Maxent 3.3.3k (Elith et al., 2011; Phillips et al., 2006) to generate habitat suitability models (Table S3 ). In the construction of habitat suitability models, we used 10 values of regularization multiplier The AIC has demonstrated better performance when compared to AUC in selection of models (Warren and Seifert, 2011 ). The best model for each species, according to those criteria, is represented in the Table S3 . The data partition method of test and training data depended on the number of occurrence data. 'block' was used for species with more than 25 event locations and 'k-1 Jackknife' for species with less than 25 points (Muscarella et al., 2014; Pearson et al., 2007; Shcheglovitova and Anderson, 2013; Wenger and Olden, 2012 ).
The models adjusted in the present were spatially projected into the future (2050), generating surfaces of environmental suitability of each species in the future.
For each greenhouse gas emissions scenario (RCP: 2.6, 4.5, 6.0 and 8.5) a consensus average model was generated from the eight different GCMs (BCC-CSM1-1, CCSM4,
GISS-E2-R, HadGEM2-AO, HadGEM2-ES, IPSL-CM5A-LR, MRI-CGCM3 and
NorESM1-M). The consensus models and its variability can be observed in Fig. S2 . For each species, we joined the IUCN extent with 50 km buffer around occurrence data, and clipped the models in this space.
The five final suitability maps for each species, one current and four future scenarios, were converted into binary maps using the 10 percentile training presence threshold, which is indicated when using different data sources, due to possible inaccuracies of georeferencing (Barros et al., 2012) .
We used the R software (R Core Team, 2017), the vif_func script (available at https://github.com/oliveirab/R-codes/blob/master/vif_func.R) to calculate VIF, the 'ENMeval' packages for selection of the parameters of the suitability models by AICc and AUC criteria, and 'dismo' package to implement MaxEnt algorithm. 
Fig. S2
Habitat suitability consensus models of each species of primate of the Atlantic Forest in the optimistic (RCP 2.6) and pessimistic (RCP 8.5) scenarios of greenhouse gases emissions. Suitability maps represents the average and CV represents coefficient of variation among models. The black polygon represents the '10 percentile training presence threshold', used to determine the distribution range of the species.
Spatial and temporal primate diversity
Spatial and temporal patterns of alpha and beta diversity were calculated for the present and future of the distribution of the Atlantic Forest primates. 
